Correspondence
In Brief Brykczynska et al. investigate the response of tissue-resident macrophages to short-and long-term nutritional challenges. They identify adipose tissue macrophages and the IL-1 pathway as early sensors of metabolic changes and propose a regulatory role for heat shock proteins in response to acute and chronic metabolic perturbances.
INTRODUCTION
Increasing evidence shows that metabolic stress such as overnutrition activates the immune system. Analogous to the action against pathogens, immune cells aim to restore homeostasis as a response to nutrient overdose (DiSpirito and Mathis, 2015) . Simultaneously, over-nutrition alters the cellular metabolic repertoire. Activation and differentiation of immune cells are associated with various metabolic switches. Therefore, altered metabolism may also adversely affect immune cell functionality (O'Neill et al., 2016) .
Gluco-and lipotoxicity driven by over-nutrition induce oxidative stress, inflammasome activation, and cytokine production by macrophages (DiSpirito and Mathis, 2015) . Macrophages accumulate in large numbers in many different tissues of obese humans and mice (Ehses et al., 2007; Libby, 2012; Weisberg et al., 2003; Xu et al., 2003) . In obese adipose tissue (Lumeng et al., 2007) , these macrophages typically display an M1 phenotype and produce inflammatory cytokines such as TNF-a, IL-6, IL-1b, and IL-18, which drive insulin resistance. Furthermore, they contribute to multiple symptoms of the metabolic syndrome, such as islet failure and atherosclerosis (Donath, 2014; Moore et al., 2013) .
Most attention has been given to adipose tissue macrophages (ATMs) in obesity. However, tissue-specific macrophages are found in most tissues. They support tissue homeostasis by clearing cellular debris and are essential for tissue immune surveillance by driving responses to infection and resolving inflammation (Davies and Taylor, 2015) . Phenotypically and functionally, tissueresident macrophages differ to a large extent. Indeed, the specific environment of a tissue influences the transcriptional programs of resident macrophages and shapes their functions according to the tissue's specific needs (Gautier et al., 2012; Gosselin et al., 2014; Lavin et al., 2014; Okabe and Medzhitov, 2014) .
With high circulating levels of nutrients, all tissues become potentially affected by over-nutrition. The response of macrophages may, however, differ depending on their tissue-specific role and the level of exposure. Alternatively, a mutual and restricted response aiming to restore tissue homeostasis can be expected.
Among tissue-specific macrophages, microglia have recently attracted attention. In the mouse hypothalamus, microglia with an inflammatory gene expression profile accumulate as early as 3 days after initiation of high-fat diet (HFD) feeding (Baufeld et al., 2016) . Furthermore, pro-inflammatory as well as anti-inflammatory responses occur in hypothalamic microglia during HFD (Baufeld et al., 2016; Gao et al., 2014; Valdearcos et al., 2014) , suggesting that the response of microglia to over-nutrition is dynamic and temporally distinct. In pancreatic islets, macrophages are in close contact with b cells and have an important regulatory role in insulin production. Upon elevation of glucose levels, islet metabolic activity is increased, which induces reactive oxygen species (ROS) promoting the activation of NLRP3 inflammasome to enable IL-1b production (Maedler et al., 2002; Zhou et al., 2010) . In addition, lipopolysaccharides (LPS) and free fatty acids activate TLR2 and TLR4, inducing NF-kB translocation and islet inflammation (Bö ni-Schnetzler et al., 2009; Pal et al., 2012) . All these components induce low levels of islet-derived IL-1b, which in turn promotes IL-1-dependent cyto-and chemokines, including IL-6, IL-8, TNF-a, and MCP1. Furthermore, macrophages increase in number and activity (Butcher et al., 2014; Ehses et al.,2007; Richardson et al., 2009) and adopt a pro-inflammatory phenotype contributing to islet dysfunction and development of type 2 diabetes (Bö ni-Schnetzler and Meier, 2019) .
Interestingly, food intake alone triggers a pro-inflammatory response in myeloid cells, leading to an increase of circulating IL-1b, which enhances insulin secretion . Therefore, there is a physiological role of myeloid cell-derived IL-1b that contrasts its deleterious role in driving insulin resistance and b cell failure in type 2 diabetes. Altogether this shows that macrophages are receptive to both short-and long-term nutritional signals and that different or even opposing effects can be expected (Baufeld et al., 2016; Dror et al., 2017) .
To compare the effects of a selected regimen of nutritional conditions on immune cells, we sorted uniform macrophage populations for RNA sequencing (RNA-seq) analyses from different murine tissues. We provide a resource of transcriptomes from six tissue-resident macrophage populations and monocytes in response to feeding, as well as three tissue-resident macrophage populations after 8 weeks of HFD and a diabetic condition. We investigate how distinct or similar the macrophage response is across different tissues and how acute versus chronic nutritional stress affects their function. We identify a specific response of ATMs and the IL-1 pathway to food intake and propose an anti-inflammatory role of heat shock proteins (HSPs) across tissue-resident macrophages.
RESULTS

Distinctive Responses to Feeding across Tissue-Resident Macrophages
We first aimed to assess the transcriptional response to food intake across tissue-resident macrophages. Mice were fasted (FA) for 12 h (overnight) and then refed (RE) for 2 h with regular chow diet ( Figure 1A ). Tissue-resident macrophages from the adipose tissue (ATM), brain (microglia), colon, pancreatic islets, liver (Kupffer cells), and peritoneum and blood monocytes were collected using specific surface markers ( Figure S1 ). Four hundred cells per cell type were isolated and used for RNAseq. To account for scarcity of these cell types, we used RNA extraction, library preparation, and RNA-seq methods adapted from single-cell protocols (see STAR Methods). Six to ten biological replicates were analyzed per cell type. We detected 8,000 to 12,000 expressed genes per macrophage subtype ( Figure S2A ). Differential expression analysis was performed by comparing macrophages/monocytes from RE and FA mice in each tissue. Numbers of differentially expressed (DE) genes (adjusted p value [p adj ] < 0.05) varied among subtypes, with most changes in peritoneal macrophages (481 DE genes) ( Figure 1B ; Table S1 ), while monocytes were the least affected (20 DE genes). This did not depend on the significance threshold or analysis method used (Figures S2B and S2C) . Because we aimed to distinguish common and divergent responses of macrophages in different tissues, we compared lists of DE genes. There was little overlap (0%-15% of common genes in all pairwise comparisons) between macrophage subtypes ( Figure 1B ) independent of the significance threshold and analysis method used (Figures S2B and S2C) . This prompted us to assess the overall differences between gene expression in tissue-resident macrophages. Principal-component analysis (PCA) revealed more pronounced differences between macrophage subtypes than between the FA and RE conditions ( Figure 1C ). Diversity of transcriptomes of tissue-resident macrophages has previously also been reported (Gautier et al., 2012; Gosselin et al., 2014; Lavin et al., 2014; Okabe and Medzhitov, 2014) . Therefore, we compared five macrophage subtypes analyzed by Lavin et al. (2014) with data from our study (FA samples). Macrophages from the same tissue from two studies were more similar than from different tissues in the same study ( Figure 1D ). Furthermore, hallmark tissue macrophage genes described by Lavin et al. (2014) had concordant expression profiles in our data ( Figure S3A ). These results confirm the high quality of our dataset, despite the small numbers of cells used and the distinct expression patterns of different tissue-resident macrophages found. In line with these observations, the response to feeding differs between macrophage populations and is lower in magnitude than the differences between the populations themselves.
ATMs Upregulate IL-1 Signaling upon Feeding
Next, we evaluated the response of macrophage subtypes at the functional level and performed Gene Ontology (GO) term analysis for up-and downregulated genes in the RE condition. Using Cytoscape and Enrichment Map software (Merico et al., 2010) , we visualized the overlap of over-represented GO terms for five macrophage subtypes that showed significant terms (Figure 1E;  Table S2 ). For upregulated genes in FA-RE, distinct sets of terms were over-represented for each subtype, with some overlapping terms in Kupffer cells, microglia, and peritoneal macrophages. ATMs showed multiple GO terms associated with inflammation, while no such GO terms were over-represented in any other subtype.
We confirmed this observation by analyzing genes involved in inflammation independent of the GO term gene sets ( Figure 2A ; Table S3 ). Clustering of fold changes (FCs) (RE versus FA) of these genes across macrophage subtypes revealed distinct upregulation of a pro-inflammatory gene cluster in ATMs that can be attributed to a local, low-grade inflammatory response in the adipose tissue. Differentially upregulated genes included the macrophage activation marker Egr2 (Veremeyko et al., 2018), chemokines (Cxcl1, Ccl2, Ccl7, and Ccl24) , and the cytokine Il1b. Importantly, IL-1b needs to be activated by the inflammasome and NLRP3, a crucial inflammasome component, was also present in this cluster. Of note, the absolute Il1b and Nlrp3 expression levels were much higher in islet and colonic macrophages compared with other macrophages ( Figure S3B ), and expression of Il1b and Nlrp3 did not increase upon feeding, indicating that these macrophages are in an activated state even without any stimulus (Ferris et al., 2017) . In response to feeding, Nlrp3 expression levels in ATMs reached the expression level in colonic macrophages ( Figure S3B ), pointing to a robust response. We validated the inflammatory response in ATMs using qPCR in two additional mouse cohorts. Both showed increased Il1b, Cxcl1, Ccl3, and Tlr2 gene expression in response to feeding ( Figure S4 ).
To assess which signaling pathways drive the activation of the IL-1 pathway, we performed pathway over-representation analysis of up-and downregulated genes in RE versus FA samples in ATMs using the KEGG (Kyoto Encyclopedia of Genes and Genomes; https://www.kegg.jp) and MSigDB (Molecular Signatures Database) canonical pathway databases (Subramanian et al., 2005 ; Figure 2B ). The PI3K-AKT was the top upregulated pathway, along with receptor and effector genes such as Tlr2, Itga9, and Mcl1. The expression of genes of the AKT signaling cascade was not changed. However, this does not preclude pathway activation, as signaling events in this pathway may be mediated by phosphorylation. The JNK pathway is also implicated in Il1b activation. Interestingly, this pathway was suppressed in ATMs with the gene encoding for JNK (Jun) being downregulated in RE samples.
To further elucidate the transcriptional regulation of the pro-inflammatory response in ATMs upon feeding, we performed transcription factor (TF) binding motive enrichment analysis ( Figures  2C and 2D ). The consensus binding motive for RELA, a canonical member of the NF-kB family, was most significantly over-represented among upregulated genes in RE condition. Indeed, the canonical NF-kB pathway is responsible for transcriptional induction of pro-inflammatory genes including Nrlp3 and Il1b upon stimulation (Liu et al., 2017) . Furthermore, in the cluster of pro-inflammatory genes selectively activated in ATMs upon feeding (Figure 2A ), we found two upregulated modulators of NF-kB activity, Nfkbid and Nfkbiz, and this was confirmed using qPCR ( Figure S4 ). Collectively, these analyses suggest that AKT and NF-kB signaling may drive the IL-1 inflammatory activation in ATMs upon feeding.
Common and Differential Regulation of HSPs upon Feeding GO term analysis for genes upregulated upon feeding revealed overlapping terms for Kupffer cells, microglia, and peritoneal macrophages, associated with endoplasmic reticulum (ER) stress and unfolded protein response ( Figure 1E ). HSP genes were the main DE genes contributing to these GO terms.
We further explored the differences in HSP expression and functionally associated genes (TFs, co-chaperones) across all macrophages ( Figure 3A ). Multiple genes from the HSP70 (Hspa1a, Hspa1b, Hspa5, Hspa8, and Hsph1), HSP90 (Hsp90ab1 and Hsp90b1), and HSP40 (Dnaja1 and Dnajb2) families were upregulated upon feeding in Kupffer cells, microglia, and peritoneal macrophages but not in islet, intestine, and ATMs and monocytes. Importantly, two genes encoding inducible HSP70 proteins (Hspa1a and Hspa1b) were significantly downregulated in RE versus FA samples in ATMs. Anti-inflammatory effects of the ER stress pathways and HSP70 proteins are known (Chung et al., 2008; Di Naso et al., 2015; Oh et al., 2012) , and we hypothesize that ATMs downregulate HSP70 genes to activate physiological responses to feeding as described above. In peritoneal macrophages, we detected the largest number of upregulated HSP genes and the induction of TFs responsible for their expression: Hsf1 and Xbp1 ( Figure 3A ). Furthermore, TF-binding motive analysis in peritoneal macrophages ( Figures 3B and 3C ) revealed that the HSF1 motive is the top over-represented one among upregulated genes, suggesting that this TF might drive part of the changes observed upon feeding. HSF1 has been reported to inhibit Il1b expression by binding to the Il1b activating TF CEBPB (Xie et al., 2002) . Accordingly, we have not observed any inflammatory response in peritoneal macrophages, while in ATMs that upregulate Il1b, HSF1 was the top predicted TF binding the downregulated genes ( Figure 2D ).
To validate the anti-inflammatory effect of HSP70 proteins, we activated peritoneal macrophages in vitro with LPS and adenosine triphosphate (ATP) to stimulate Il1b expression and IL-1b secretion ( Figure 3D ). To analyze the role of HSP70 proteins, we pre-treated the cells with a heat shock in the absence or in the presence of the HSPA1A agonist BGP-15 (O-[3-piperidino-2-hydroxy-1-propyl]-nicotinic amidoxime). The combination of these treatments indeed reduced IL-1b secretion ( Figure 3D ), and this was not due to reduced cellular viability ( Figure S5 ). These data further support the anti-inflammatory effect of HSP70 proteins in macrophages.
Common Response to Food Intake across Macrophages
We observed little overlap between DE genes in different macrophage subtypes upon feeding ( Figure 1A ). We hypothesized that there may be genes with small changes that do not pass the significance threshold in all individual comparisons. To further investigate this potential common but mild response to food intake, we pooled all RE versus FA samples from all macrophage subtypes and treated them as biological replicates in the DE analysis Table S3 ). The cluster of genes selectively activated in ATMs is highlighted and listed to the right of the heatmap. Red indicates genes that passed the significance threshold. ( Figure 4A ; Table S4 ). Among top upregulated genes, we found Slc2a1 encoding for GLUT1, which is the main transporter in macrophage glucose metabolism and involved in the induction of inflammation (Freemerman et al., 2014) . The individual log 2 FC in macrophage subtypes varied between 0.03 and 1.46 and was highest in peritoneal macrophages ( Figure 4B ). This is consistent with IL-1b-dependent upregulation of GLUT1 and glucose uptake in macrophages in vitro as well as systemic upregulation of glucose uptake in response to feeding . Interestingly, Cpt1a, a gene encoding a long chain fatty acid transporter acting at the rate-limiting step of fatty acid oxidation (FAO) was among the top downregulated genes in pooled RE versus FA samples ( Figure 4A) , with the largest downregulation in islet macrophages ( Figure 4B ). Differential up-and downregulation of Slc2a1 and Cpt1a point to a change from fatty acid to glucose utilization. This metabolic switch has been described in multiple immune cell types upon activation (O'Neill et al., 2016) , including macrophages upon HFD feeding (Freemerman et al., 2014; Malandrino et al., 2015) .
We further performed pathway analysis for up-and downregulated genes from pooled RE versus FA comparison ( Figure 4C ; Table S5 ). Top upregulated pathways included ''phagosome'' and ''antigen processing and presentation,'' indicating activation of canonical macrophage functions. Top downregulated pathways comprised ''glycerolipid metabolism'' and ''fatty acid oxidation,'' with contributing downregulated genes Cpt1a, Aldh9a1, Plin2, and Pnpla2 (Figures 4B and 4C ). This further supports the downregulation of fatty acid utilization and a systemic metabolic response to feeding across all tissue macrophages. Ribosomal small-and large-subunit genes were also downregulated across macrophage subtypes ( Figures 4B and 4C) , a previously described hallmark of macrophage activation (Varesio et al., 1992) .
Altogether, this reveals that although a major part of the responses to feeding is divergent between the different tissueresident macrophages, there remain common hallmarks of activation across all tissues.
Distinct Responses of Tissue-Resident Macrophages to HFD and Diabetic Conditions
Next we assessed the phenotype of selected tissue-resident macrophages to long-term metabolic challenge. Mice were fed an HFD for 4 weeks, then treated with a single low dose of streptozotocin (HFD-STZ) (130 mg/kg) or control to reduce b cell mass and to induce hyperglycemia ( Figures S6A-S6C ) and fed a HFD for another 4 weeks ( Figure 5A ). A third group consisted of initially weight-matched, chow food-fed littermates (ND). Islet macrophages, peritoneal macrophages, and microglia were isolated using fluorescence-activated cell sorting (FACS) ( Figure S1 ) and subjected to RNA-seq.
Similar to the FA-RE experiment, the effect of HFD and HFD-STZ treatment was less prominent than the differences between macrophage subtypes ( Figure 5B ). However, PCA for samples from either islet or peritoneal macrophages, but not microglia, segregated the samples according to their treatment groups, ND, HFD, and HFD-STZ ( Figure 5B ).
HFD leads to elevated circulating lipid levels with toxic effects for tissues (DiSpirito and Mathis, 2015) . The additional treatment of HFD-fed mice with STZ results in reduced plasma insulin and therefore diabetic blood glucose levels. Both conditions may trigger common and divergent responses in tissue-resident macrophages. Therefore, we first performed DE analysis in each macrophage subtype, comparing HFD and HFD-STZ samples with ND samples, followed by clustering of DE genes on the basis of their expression pattern across all conditions (Figures  5C-5F; Table S6 ), using the weighted correlation network analysis (WGCNA) (Zhang and Horvath, 2005) . Furthermore, we compared the modules between the macrophage subtypes (Figure 5G) and annotated them with GO terms ( Figure 5H ; Table S7 ).
In islet macrophages, 1,348 DE genes were clustered into six modules ( Figure 5D ), with the largest numbers of genes in modules I-1 and I-5. In both modules, genes responded to both HFD and HFD-STZ conditions (up in module I-1 and down in module I-5), but the magnitude of the response was higher in the HFD-STZ condition. This indicates that the effect of lipids on the cells was enhanced by elevated blood glucose. Of note, module I-1 contained Slc2a1 encoding glucose transporter GLUT1 and Hk2, a rate-limiting enzyme of glycolysis, again pointing to a metabolic switch to glucose utilization as described above. Arginase 2 encoded by Arg2 was found in this module as well, while its isoform Arg1 was downregulated in module I-5. Arg1 expression is a hallmark of the anti-inflammatory M2 phenotype (Rath et al., 2014) . In module I-1, we found Il1rn, which is an IL-1 receptor antagonist, indicating upregulation of anti-inflammatory mechanisms. Furthermore, module l-5 included several downregulated proinflammatory chemo-and cytokines. However, classical interferon-inducible genes such as Ifi44, Oas1g, and Cd38 were upregulated. In module I-1, we further found upregulated Igf1, consistent with a recent report on islet macrophages secreting IGF1 that promotes islet regeneration (Nackiewicz et al., 2020) . All DE genes with module annotation are listed in Table S6 .
In peritoneal macrophages, 1,562 DE genes were clustered into seven modules ( Figure 5E ). The majority of upregulated genes were grouped into module P-4. They did not change upon HFD but were upregulated in the HFD-STZ condition. Cpt1a, which catalyzes the primary regulatory step of FAO, as well as the fatty acid transporter Slc27a1, were found in this cluster, together with the master transcriptional regulator of lipid metabolism Pparg. PPARg coactivators Ppaprgc1a and Ppargc1b, found in module P-2, were also upregulated, in both HFD and HFD-STZ conditions. PPARg activation and upregulation of FAO are hallmarks of metabolic reprogramming associated with anti-inflammatory responses (O'Neill et al., 2016) . The majority of downregulated genes was part of modules P-5 and P-6, downregulated either in both HFD and HFD-STZ (P-5) or only in HFD-STZ (P-6). Consistent with a metabolic switch, we found Hk1, a rate-limiting enzyme of glycolysis, downregulated in module P-6. Altogether, these changes point to an anti-inflammatory metabolic phenotype of peritoneal macrophages in the HFD-STZ condition (see Table S6 for all DE genes with module annotation).
We systematically compared the responses in islet and peritoneal macrophages by checking their module overlaps (Figure 5G) . We generally observed small numbers of overlapping genes. The largest and most significant overlap (24 genes) was between modules I-1 (genes up in HFD and HFD-STZ) in islet and P-4 in peritoneal macrophages (genes up in HFD-STZ). These included, among others, interferon-inducible genes described above and Ms4a4a and Ms4a6d. MS4A4A is a marker of alternatively activated M2 macrophages (Sanyal et al., 2017) , and MS4A6D suppresses Il1b and Nlrp3 expression in macrophages (Huang et al., 2019) . Indeed, in both islet and peritoneal macrophages, we did not observe upregulation of Il1b, although it is an established hallmark of inflammation in ATMs in HFD-fed mice and obese humans (Bing, 2015; DiSpirito and Mathis, 2015) . In microglia with only 77 DE genes, five modules were identified ( Figure 5F ). Module M-1 contained genes upregulated in both HFD and HFD-STZ conditions, with higher response in the latter, including multiple HSP genes: HSP40 family members Dnaja1 and Dnajb1, HSP70 members Hspa1a and Hspa8, cochaperones Bag3 and Hsph1, and HSP90 family member Hsp90aa1. Interestingly, Hspa1a and Hspa8 were not only upregulated in microglia upon long-term metabolic challenge but were also induced upon short-term feeding ( Figure 3A) . In hypothalamic microglia, an inflammatory response was observed after 3 days of HFD, which was attenuated after 8 weeks, with anti-inflammatory genes such as Pparg activated at that later time point (Baufeld et al., 2016) . In our study with brain microglia analyzed after 8 weeks of HFD, we did not find any pro-inflammatory DE genes ( Figure 5F ; Table S6 ). Functional analysis revealed no inflammation-associated processes ( Figure 5H ; Table  S7 ). These data further support an anti-inflammatory role of HSP70 gene upregulation.
As there were far fewer DE genes in microglia than in islet and peritoneal macrophages, we did not compare their modules. Of note, hormone or hormone-processing gene transcripts, which are abundantly expressed in endocrine b, a, and d cells (Ins2, Iapp, Gcg, Sst, Pcsk1, and Pcsk2), were detected in islet macrophages but not in peritoneal macrophages and microglia (Figure S6D ). This may result from engulfment of secretory vesicles (Ying et al., 2019) or phagocytosis of endocrine cells.
M1 Signature in Islet Macrophages and Fatty Acid Activation Signature in Peritoneal Macrophages
Activated macrophages are typically categorized into M1 IFNg activated (pro-inflammatory) and M2 IL-4 activated (anti-inflammatory). To evaluate to what extend macrophage responses to HFD and STZ can be described by this simple categorization, we analyzed M1 and M2 signature gene (Jablonski et al., 2015) expression in our data ( Figures 6A-6C ). In this analysis, proper clustering of samples into experimental groups on the basis of signature genes indicated that these genes were DE between the analyzed conditions. For islet macrophages, hierarchical clustering of samples on the basis of 77 M1 signature genes resulted in perfect separation of ND and HFD and of ND and HFD-STZ experimental groups ( Figure 6A ). Furthermore, three genes of the M1 signature were significantly upregulated in HFD and seven in the HFD-STZ condition. Hierarchical clustering of samples on the basis of 45 M2 signature genes did not separate experimental groups for ND and HFD samples, whereas ND and HFD-STZ samples were perfectly separated. However, contributing genes were downregulated in HFD-STZ compared with ND samples, five of them significantly. Therefore, islet macrophages acquire an M1-like and suppress an M2 phenotype in response to HFD and STZ.
For peritoneal macrophages, hierarchical clustering of M1 signature genes nearly perfectly separated the groups (Figure 6B) . However, genes contributing to the signature were both down-and upregulated. Clustering of samples on the basis of M2 signature perfectly separated the samples for ND and HFD-STZ groups, but again, both up-and downregulated genes contributed to it. In conclusion, peritoneal macrophages displayed a mix of M1-like and M2-like phenotypes, activating and suppressing both M1 and M2 phenotype elements.
In microglia, samples could not be separated into experimental groups with either M1 nor M2 signature ( Figure 6C ). None of the signature genes were DE, indicating that the response of microglia to HFD and STZ is not related to a classical type of activation.
The M1-M2 classification, although still commonly used, has been questioned (Martinez and Gordon, 2014; Murray et al., 2014) . A larger spectrum of stimuli or in vivo rather than in vitro setups was used to extend this classification (Kratz et al., 2014; Xue et al., 2014) . To characterize the phenotype of macrophages in HFD and STZ conditions, we used the spectrum model of macrophage activation proposed by Xue et al. (2014) . They defined signatures of human macrophages subjected to 29 different in vitro stimuli and provided a framework for signature evaluation using gene set enrichment analysis (GSEA) (Subramanian et al., 2005) . We used human homologs of mouse genes to query these signatures. For islet macrophages, the highest scoring (by enrichment score and p value) signature was the one derived from IFNg for both HFD and HFD-STZ responses ( Figure 6E) , consistent with the good match with the abovedescribed M1 signature of mouse macrophages. For peritoneal macrophages, the highest scoring signatures were those of linoleic acid and oleic acid in HFD and oleic acid in the HFD-STZ condition ( Figure 6E ). Therefore, a standard response to fatty acids, which is shared in vitro and in vivo and is distinct from classical M1 and M2 phenotypes, seems to exist in macrophages.
A Mixed M1/M2 Phenotype Is a Cellular Property of Peritoneal Macrophages
On the basis of size and F4/80 and CD11b expression, peritoneal cavity macrophages can be subdivided into two functionally Mean expression level of three to five biological replicates is displayed for each gene in three conditions. Number of genes belonging to each module and genes of special interest are indicated. (G) Numbers of overlapping genes between modules from (D) (islet macrophages) and (E) (peritoneal macrophages). Color of the field indicates significance of the overlap (Fisher's exact test). (H) Top over-represented GO terms for modules from (D)-(F). For a GO term that is significantly over-represented in a given module, the corresponding field is marked in blue. Modules that had no significant terms are not listed. See also Figure S6 and Tables S6 and S7 . distinct subsets (Ghosn et al., 2010) . To assess whether the mix of M1-and M2-like phenotypes observed in our RNA-seq dataset could be attributed to differences in these populations, protein levels of the M1-marker iNOS and the M2-marker CD206 were analyzed on small peritoneal macrophages (SPMs; defined as live single CD19À CD11cÀ F4/80 low CD11b low ) and large peritoneal macrophages (LPMs; defined as live single CD19À CD11cÀ F4/80 high CD11b high ) using flow cytometry ( Figure S7 ). In agreement with previous studies (Ghosn et al., 2010) , most peritoneal cavity macrophages were identified as LPMs, while SPMs only made up about 2%-5% of cells. LPMs in ND-fed mice were characterized by a mixed M1-and M2-like phenotype (Figure S7G) . In contrast, the majority of SPMs were polarized toward an M1-like phenotype (Figure S7H ). HFD did not change the proportions of LPMs and SPMs or their polarization profile compared with ND ( Figures S7F-S7H) , indicating that the mixed M1/M2 phenotype observed in our transcriptional analysis is not an artifact.
Short-versus Long-Term Metabolic Challenge
Macrophages protect tissues from pathogens but also maintain homeostasis upon physiological changes. Feeding results in temporarily elevated nutrients in the bloodstream and tissues. Long-term over-feeding provides constantly elevated nutrients in the circulation. This may potentially activate similar responses across tissue-resident macrophages. To evaluate this hypothesis, we compared the responses to feeding and to HFD in islet macrophages ( Figure 7A ), peritoneal macrophages ( Figure 7B ), and microglia ( Figure 7C ). We found very few overlapping genes between these two conditions. In islet macrophages, only seven genes were commonly DE, and just three of them changed in the same direction. Cd36, a fatty acid translocase, was downregulated in both conditions. As it is involved in NLRP3 inflammasome activation , its downregulation is consistent with lack of IL-1 pathway upregulation. As described above, the IL-1 pathway is constitutively active in islet macrophages, similarly to barrier macrophages (Ferris et al., 2017) , and downregulation of Cd36 may have a role in maintaining this steady state in response to both short-and long-term metabolic challenge.
In peritoneal macrophages ( Figure 7B ), we found 20 shared DE genes upregulated in HFD and feeding conditions. Interestingly, this common response included four tubulin (Tubb6, Tuba1a, Tubb4b, and Tubb2a), one laminin (Lmna), and one vimentin (Vim) gene, indicating cytoskeleton re-organization that could reflect phagocytosis, migration, and/or differentiation. Macrophages migrate from omentum to peritoneum (Okabe and Medz-hitov, 2014) , potentially also upon feeding, as macrophage numbers increased in peritoneum and decreased in omentum .
DISCUSSION
There is increasing evidence that metabolic syndromes such as obesity and diabetes affect the whole organism. The majority of research has focused on the adipose tissue as an obviously affected organ, and ATMs have been established as macrophages driving obesity-associated low-grade inflammation (Lumeng et al., 2007; Weisberg et al., 2003) . Our study provides a resource to investigate the effect of over-nutrition and the physiological response to feeding across macrophages in additional tissues.
A large proportion of research in macrophages has been performed in vitro, providing a simplified view of macrophage responses, as the situation in vivo is more complex (Martinez and Gordon, 2014) . However, populations of tissue-resident macrophages such as islet macrophages are sparse, and only advancements of technologies such as RNA-seq have enabled their analysis. In our study, we successfully isolated and analyzed transcriptomes of adipose tissue, colonic, islet, and peritoneal macrophages as well as Kupffer cells, microglia, and monocytes from purified populations as small as 400 cells. Still, there are several limitations of in vivo analyses. Macrophage populations in different tissues may be more heterogeneous than previously anticipated. For example, two macrophage subtypes were reported in islets: intra-and peri-islet macrophages (Ying et al., 2019) . However, further identification of markers for specific subpopulations is needed. Another challenge of in vivo analysis is the necessity of different procedures to isolate macrophages in different tissues, and these may have an effect on the activation status of the cells. To overcome this issue, our comparisons between macrophages from different tissues are based on relative responses between treatment and control within one tissue, which cancels out isolation effects.
Our analysis of the spectrum of tissue-resident macrophages revealed that there is little overlap between the responses to short-term ( Figures 1B and 1E ) and long-term metabolic challenge ( Figure 5G ). This is consistent with highly variable transcriptomes of tissue-resident macrophages in the steady state (Gautier et al., 2012; Gosselin et al., 2014; Lavin et al., 2014; Okabe and Medzhitov, 2014) . On the basis of our data, the response of each macrophage subtype could be further explored. Here, we focused on the low-grade inflammation of ATMs that we observed upon feeding (Figure 2 ). Our analyses (Jablonski et al., 2015) . Genes are sorted on the basis of the adjusted p value in the current experiment, and genes with p adj < 0.05 are highlighted and listed (red, upregulated genes; blue, downregulated genes). Clustering of biological replicates indicates genes that are changing in response to either HFD or HFD-STZ. (D and E) Volcano plot of GSEA of genes responding to 29 stimuli reported by Xue et al. (2014) for DE genes from (D) islet macrophages and (E) peritoneal macrophages from HFD versus ND (left panel) and HFD-STZ versus ND (right panel) comparisons. Signatures significantly enriched among up-and downregulate genes (p < 0.05) are indicated in red and blue, respectively. Significant signatures are annotated with a number corresponding to numbering by Xue et al. (2014) and stimuli correlating with a given signature are listed. See also Figure S7. with RNA-seq and qPCR revealed an early first response to feeding characterized by the activation of the pro-inflammatory IL-1 pathway (Figure 2A; Figure S4 ), potentially driven by AKT and NF-kB signaling (Figures 2B and 2C) . In line with this observation, physiological activation of pro-inflammatory pathways is required for mouse adipose tissue expansion and remodeling (Wernstedt Asterholm et al., 2014) . Furthermore, human pre-adipocytes and adipocytes express the IL-1 receptor 1 (Il1r1), and IL-1b regulates metabolic genes (Caë r et al., 2017) . Together, these findings point to a role of ATMs and the IL-1 system in the regulation of adipose tissue biology upon feeding. Furthermore, an increase of IL-1b in the circulation has been observed in mice 2 h after feeding. This led to enhanced insulin secretion and glucose uptake into peritoneal macrophages via GLUT1 transporter . Consistently, we observed systemic upregulation of Slc2a1 across tissue-resident macro- phages (Figures 4A and 4B) and propose that ATMs might be a major source of the increased IL-1b upon feeding.
As described before Ferris et al., 2017) , we observed much higher absolute levels of Il1b and Nlrp3 in colonic and islet macrophages, pointing to constitutively active IL-1 signaling ( Figure S3B ). This may explain why the expression of these genes is not increased upon feeding or the HFD or HFD-STZ condition. Nevertheless, islet macrophages of HFD-and HFD-STZtreated mice can be classified as M1 (Figure 6A) and IFNg activated ( Figure 6D ). This suggests that the steady-state pro-inflammatory phenotype is enhanced under these conditions, consistent with islet inflammation in response to elevated glucose and lipids (Bö ni-Schnetzler et al., 2008 Ying et al., 2019) .
In ATMs, a distinct phenotype associated with obesity and diabetes, termed metabolic activation, has been described (Kratz et al., 2014) . It contains elements of both classical M1 (pro-inflammatory) and alternative M2 (anti-inflammatory) activation hallmarks. Here, we described that a mix of M1 and M2 signatures can be similarly detected in peritoneal macrophages ( Figure 6B ). Furthermore, they were classified as lipid activated ( Figure 6E ) and upregulated Pparg and lipid metabolism genes ( Figure 5E ), similarly as described for metabolic activation in ATMs (Kratz et al., 2014) .
Across analyzed macrophages subtypes and treatments, we observed upregulation of HSP genes, mainly from the HSP70/ HSP90 chaperone system (HDSP40, HSP70, and HSP90 families) ( Figures 3A and 5D-5F) , which is further supported by upregulation of HSP driving TFs (Hsf1 and Xbp1) and TF enrichment motive analysis in peritoneal macrophages ( Figure 3B) . Downregulation of the two HSP70 family members Hspa1a and Hspa1b is observed only in ATMs upon feeding ( Figure 3A) . This was the only condition for which we observed upregulation of the IL-1 pathway (Figure 2A) . The anti-correlation between HSP expression and IL-1 pathway activity is also supported by HSF1's function in repressing Il1b (Xie et al., 2002) . Hence, we propose an anti-inflammatory role of HSP70 members in tissue-resident macrophages upon metabolic challenge. The main functions of the HSP70/HSP90 chaperone system are the assistance of proper protein folding in the ER and degradation of misfolded or aggregated proteins (Schopf et al., 2017) . HSPs are also involved in immunity, inflammation, and neurodegeneration (Lackie et al., 2017; Lee and Repasky, 2012) . Anti-inflammatory properties of the HSP70 family and specifically of HSPA1A have been described, and the HSPA1A agonist molecule BGP-15 had positive effects in trials against diabetes and adverse effects of obesity (Chung et al., 2008; Henstridge et al., 2014; Literá ti-Nagy et al., 2012) . We used this molecule in a validation experiment and confirmed the anti-inflammatory effect of this HSPA1A agonist on macrophages, as measured by decrease of IL-1b secretion (Figure 3D) . Mechanistically, downregulation of Il1b expression could be further explained by inhibitory effects of HSP70 on the NF-kB pathway. HSP70 was shown to destabilize TAK1, an activator of NF-kB pathway, through competition for HSP90 binding (Cao et al., 2012) and to destabilize the TAK1 interactor TRAF6 (Chen et al., 2006) .
In contrast to previously reported anti-or pro-inflammatory responses (Baufeld et al., 2016; Gao et al., 2014; Valdearcos et al., 2014) , we saw few changes in HFD and HFD-STZ conditions in microglia ( Figure 5F ). As the response changes in the course of HFD, we may have missed it at the 8 week time point. Furthermore, the magnitude of the reported changes in inflammatory gene expression does not exceed 1.5-fold. In fact, all previous studies focused on hypothalamic microglia (Baufeld et al., 2016; Gao et al., 2014; Valdearcos et al., 2014) . Therefore, the HFD-induced effect may have been masked in our whole-brain microglia analysis. Importantly, in the fasting-refeeding experiment, we observed similar numbers of DE genes in microglia ( Figure 1B) as in other macrophages subtypes indicating that we did not face a technical issue with microglia cells.
In summary, we provide a resource that will help dissect the role of tissue-resident macrophages in response to nutrition in both physiological and chronically overdosed conditions. We pinpoint ATMs and the IL-1 pathway as early sensors of nutritional status, an observation that awaits further evaluation and exploration.
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For the analysis of LPM and SPM peritoneal macrophage subsets Peritoneal cells, isolated as described above and in Dror et al. (2017) Figure S7 .
RNA extraction for validation and qPCR
Total RNA was extracted using the Nucleo Spin RNA II Kit (Machery Nagel). RNA concentrations were normalized, and cDNA was prepared with the GoScript Reverse Transcription Mix using Random Primers (#A2801 GoScript) according to the manufacturer's instructions. RNA expression was determined using SYBR Green assays with GoTaq qPCR Master Mix (#A600A Promega) and the ViiA 7 Real-Time PCR System (ThermoFisher Scientific). Primers for SYBR Green-based qPCR are listed in the Key Resource Table. Data were normalized to the geometrical mean of Actb, 18S and B2 values and quantified using the comparative 2 ÀDDCT method.
build GRCm38 (mm10) using STAR (version 2.5.1a) (Dobin et al., 2013) allowing for maximum 5% mismatching bases per read. Generated alignment (BAM) files were indexed with SAM tools (version 1.4) (Li et al., 2009) . Quality of the alignment was evaluated with Qualimap (version 2.2.1) (Okonechnikov et al., 2016) . Reads per gene were counted with the featureCounts function of the Rsubread package (version v1.30.4) (Liao et al., 2014) using gencode version M13 gene annotation file (https://www.gencodegenes.org). Reads mapping to multiple sequences were not counted. Raw sequences corresponding to our study as well as count tables of fasting-refeeding and HFD experiments can be retrieved at the NCBI GEO database under accession number GEO: GSE133127
QUANTIFICATION AND STATISTICAL ANALYSIS
General Information
The number of replicates analyzed was: In the transcriptomic analysis: ATM FA: 7, RE: 10, monocytes FA: 8, RE: 9, microglia FA: 8, RE: 8, colonic macrophages FA: 8, RE: 10, islet macrophages FA: 6, RE: 8, Kupffer cells FA: 6, RE: 7, peritoneal macrophages FA: 8, RE: 8, islet macrophages HFD: 4, HFD-STZ: 3, ND: 4, peritoneal macrophages HFD: 4, HFD-STZ: 5, ND: 5, microglia HFD: 4, HFD-STZ: 4, ND: 4. Statistical parameters (reported measures of dispersion and summary measures) can be found in the figure legends. Statistical assumptions for one-way ANOVA were tested beforehand (normality, homoscedasticity) and found to be met.
Differential expression analysis
Genes with low counts were filtered out using following criteria: after normalization of counts to the library size, only genes with more than 10 counts in (n-1) of n replicates in at least one experimental group (FA or RE for refeeding experiment or ND, HFD or HFD-STZ for high-fat diet experiment) were retained. Differential expression analysis was performed in R (version 3.4.1, www.r-project.org) using DESeq2 (version 1.18.1) and Wald test (Love et al., 2014) . Batch information was included in the model and used as a blocking factor. Batch information can be found in the metadata table (GEO: GSE133127). P values were adjusted to obtain the false discovery rate (FDR) using the Benjamini & Hochberg method (Benjamini and Hochberg, 1995) . Reported log2fold changes were obtained by shrinkage with lfcShrink default DESeq2 function. For each comparison, two tests were performed: one using a model that included all data and a contrast for a given comparison and another one with a model that included only the samples that were compared. This accounted for different dispersion of macrophage subtype-specific genes and similar dispersion of commonly expressed genes. Genes passing the adjusted p value threshold of 0.05 in either test were called differentially expressed and used in further analysis. For differential expression analysis of all RE versus of FA samples in Figure 4 , genes with low counts were filtered out using the following criteria: after normalization of counts to the library size, only genes with more than 10 counts in more than 80% of the samples were retained. Differential expression analysis was performed with the DESeq2 R package as described above and the macrophage subtype was used in the design formula as a blocking factor.
The R packages ggplot2 (version 3.1.0) (Wickham, 2016) , pheatmap (version 1.0.12) (Kolde, 2019) and Vennerable (version 3.1.0.9) (Swinton, 2019) were used for data visualization.
Principal component analysis (PCA)
For PCA in Figures 1C, 1D , and 5B, raw counts were normalized to library size and transformed using the variance stabilizing transformation (vst) function of DESeq2. Only genes with more than 10 counts in more than 80% of the samples were analyzed. The plotPCA function from the DESeq2 package was used to plot PCA of top 500 variable genes. For Figure 1D , published raw RNA-Seq data from microglia, Kupffer cells, colonic and peritoneal macrophages and monocytes from Lavin et al. (2014) were processed exactly as our data (two replicates per macrophage subtype). Counts of the samples from the study by Lavin et al. (2014) and our FA samples from corresponding macrophage subtypes were together normalized to the library size and transformed using the vst function. Only genes with more than 10 counts in more than 80% of the samples were analyzed. PCA for top 500 variable genes was plotted.
Gene set and TF motive enrichment GO term and pathway over-representation analysis were performed used EGSEA (version 1.10.1) (Alhamdoosh et al., 2017 ) R package. For pathways analyses, Kegg (https://www.kegg.jp) and MSigDB (http://software.broadinstitute.org/gsea/msigdb/index.jsp) canonical pathway databases were used. Over-representation analysis by hypergeometric test (implemented in the EGSEA package) was used for p value calculation with adjustment of p values using the Benjamini & Hochberg method. All expressed genes as retained after filtering in a given analyzed macrophage subtype or subtypes were used as a background dataset. For Figure 1E , over-represented GO terms among upregulated genes in each macrophage subtype were sorted based on the adjusted p values. Top 25 GO terms in each subtype passing the 0.05 adjusted p value threshold were visualized using Enrichment map (version 3.0.0) (Merico et al., 2010) app in Cytoscape software (version 3.7.1) (Shannon et al., 2003) . For Figures 2B and 4C , pathways passing the 0.05 adjusted p-vale threshold were sorted based on the number of DE genes contributing to the over-representation. Top five ( Figure 4C ) or top ten ( Figure 2B ) pathways are displayed. TF motive enrichment analysis was performed using iRegulon (version 1.3) (Janky et al., 2014) and visualization of putative gene regulatory networks was performed in Cytoscape (version 3.7.1) (Shannon et al., 2003) .
Clustering of genes with correlated expression pattern
To obtain clusters of genes with correlated expression across ND, HFD and HFD-STZ conditions for each analyzed macrophage subtype, we used the Weighted Gene Correlation Network Analysis (WGCNA) R package (version 1.66) (Langfelder and Horvath, 2008) . DE genes from HFD versus ND and HFD-STZ versus ND comparison were combined and their counts were transformed using variance stabilizing transformation (vst) DESeq2 function. These were used to construct a signed co-expression network. A softthreshold power used to create the pairwise distance matrix was defined as the lowest power for which the scale-free topology fit index reaches 0.80. Dynamic tree cut (dynamicTreeCut R-package, version 1.63) (Langfelder and Zhang, 2016 ) was used to define modules of co-expressed genes. For visualization in Figure 5 , mean values of biological replicates in each condition were calculated for each gene and a relative level (mean subtraction) was displayed. Overlaps between the modules were evaluated using Fisher's exact test. GO term analysis was performed by EGSEA R package as described above and representative significantly over-represented terms from each module are displayed in Figure 5H .
Signature enrichment analysis
To determine which stimuli signatures reported by Xue et al. (2014) are enriched in our data, we followed the methodology described in Xue et al. (2014) . Briefly, mouse genes detected in a given macrophage subtype (peritoneal, islet and microglia were analyzed) were translated into their human homologs using Ensembl database queried with biomaRt R package (version 2.38.0) (Durinck et al., 2009) and sorted based on the differential expression results (-log10 of the adjusted p value multiplied by the sign of the log2fold change). Sorted lists were used to analyze enrichment of 49 signatures provided by Xue et al. (2014) in Table S2 using GSEA software (version 3.0) (Subramanian et al., 2005) in a pre-ranked, weighted mode.
Analyses of functional and validation studies
For the details of these analyses see figure legends: Figure 3D and Figures S4, S5 , S6A-S6C, and S7.
DATA AND CODE AVAILABILITY
All sequencing data newly generated by this study have been deposited at the NCBI's public functional genomics data repository Gene Expression Omnibus (The accession number for the dataset reported in this paper is: GEO: GSE133127, processed data are available on Series record, raw data are available in SRA) and will be made available upon publication. The publicly available dataset used in the paper (Lavin et al., 2014) can be found at GEO: GSE63341. All major software and code used to analyze this dataset are referenced above.
